Abstract: Sleep mode control is essential to the energy efficiency of small cell networks. However, frequently switching on/off small cell base stations (SBSs) may cause the degradation to the quality-of-service of their users and the increase of network operational cost as well. In this study, the authors propose a novel dual-threshold-based sleep mode control strategy for small cell networks. The motivation of using dual-thresholds to control the sleep mode is to minimise the network energy consumption while avoiding the frequent mode transitions of SBSs at the same time. They utilise the Markov chain method to analyse the performance of the proposed strategy. Optimisation problems are formulated to achieve the optimal dualthresholds for two different scenarios: the homogeneous threshold scenario in which uniform dual-thresholds are applied to all SBSs and the heterogeneous threshold scenario where different dual-thresholds are assigned to SBSs. For the homogeneous threshold scenario, they develop an optimal solution which is based on exhaustive searching. A reinforcement learning-based algorithm and a heuristic algorithm are proposed for the heterogeneous threshold scenario, respectively. Simulation results are presented to demonstrate the performance of the author's proposed algorithms.
Introduction
Recently, heterogeneous networks (HetNets) with small cells [1, 2] have been widely studied as a comprehensive approach to improve the system spectral efficiency, the performance of hot-spots and cell-edge users and so on. It is a win-win technology for both users and operators. Users will enjoy better quality-of-service (QoS), longer battery lifetime and more reliabilities since the distance between the transmitter and the receiver is short. Meanwhile network operators will take advantages of larger system capacity, higher spectral efficiency and lower operational cost.
Although small cells can bring so much benefits, the energy efficiency problem and the severe co-channel interference become major challenges for the high dense deployment of small cell base stations (SBSs) [3] . It has been noted in [4] that switching off some unnecessary SBSs is a promising way to deal with these problems. In [5] , the authors presented a sleep/wake up control mechanism for femtocell networks to minimise the overall network energy consumption, which is based on the Markov decision process method. Adaptively switching on/off SBSs according to the traffic type has been proposed in [6] . In [7] , a sleep mode control method was proposed to save energy when the cell size is small or the traffic is light. Different strategies for sleep mode control of SBSs to reduce the power consumption of cell cellular networks have been discussed in [8, 9] . Much literature has studied the energy efficient sleep control for Macro Base Stations (MBSs) [10] [11] [12] [13] .
However, the cost of mode transition of SBS has not been considered in the works mentioned above. The mode transition happens when a SBS switches on or switches off. The mode transition of SBS will result in the reassociation of small cell users (SCUs). When switching off a SBS, SCUs need to be reassociated to the MBS or other SBSs. Similarly, when switching on a SBS, some users will reassociate to the SBS for better QoS. The user reassociation will inevitably make impact on the QoS of users, such as communication latency, packet lost rate and so on. On the other hand, mode transition would also consume additional energy of SBS, which has been investigated in [14] . Therefore the efficient design of small cell sleep mode control should take the mode transition into account. Motivated by this, in this paper, we will propose a dual-threshold-based small cell sleep mode control scheme to minimise the overall energy consumption and avoid the frequent mode transition as well.
The main contributions of this paper are listed as follows: † A dual-threshold scheme is proposed to control the sleep mode of SBSs, that is, a SBS will switch on when the number of its SCUs reaches the upper threshold and will switch off when the number of its SCUs is less than the lower threshold. Compared to the existing sleep mode control schemes based on single threshold, the proposed scheme can effectively avoid the frequent mode transitions of SBSs because of the utilisation of two thresholds. † The Markov chain method is utilised to model the evolutionary process of the number of SCUs in each SBS, as well as the working mode of SBSs. Based on this, the probabilities for small cell working in sleep mode and active mode, the mode transition probability and the average number of SCUs are analytically derived as functions of both the upper threshold and the lower threshold. † The tradeoff between the network energy consumption and the mode transition cost is modelled as a multi-objective optimisation problem. Two scenarios, namely the homogeneous threshold scenario and the heterogeneous threshold scenario, are considered. In the homogeneous threshold scenario, each SBS has uniform and fixed thresholds. Whereas in the heterogeneous threshold scenario, the thresholds of SBSs are different and will change according to the environment in a self-organised way. † Different algorithms are proposed to find the optimal thresholds for both homogeneous and heterogeneous threshold scenarios. In the homogeneous threshold scenario, the optimal thresholds can be achieved by simple exhaustive searching method and we find that the optimal lower threshold always equal to 0. However, in the heterogeneous threshold scenario, to find the optimal thresholds for each SBS is rather difficult. Therefore a reinforcement learning (RL)-based algorithm and a heuristic algorithm are proposed to solve it.
Dual-threshold design methods have been widely employed to solve various problems in wireless communication systems. It has been commonly used in the hard handover procedure of Global System for Mobile Communications to handle the so-called 'ping-pong effect'. In [15] , the authors utilised two thresholds to support stable and efficient QoS in the HetNet including wireless local area network and cellular systems. An adaptive soft handoff algorithm, which dynamically calculates the thresholds for soft handoff based on mobile location, signal strength, and RF propagation statistics was proposed in [16] . In [17] , the authors designed a dual-threshold scheme to control new arrivals and the total number of calls in a cell, respectively. A dual-threshold energy detection algorithm was proposed in [18] for cognitive radio systems. To the best of our knowledge, using dual-threshold to control the sleep mode of SBSs in HetNets with small cells has not been studied before.
The remainder of this paper is structured as follows. In Section 2, system models are presented and the dual-threshold sleep mode control protocol, as well as its analysis based on the Markov chain method, is introduced. The optimisation problems for homogeneous and heterogeneous threshold scenarios are also introduced and discussed in this section. In Section 3, we will introduce the proposed approaches to the problems formulated in Section 2. Simulation results are shown in Section 4 and conclusions are drawn in Section 5.
2 System model, protocol description and problems formulation
Network model
We consider a system consisting of one MBS, overlayed with K SBSs distributed according to a Poisson point process, as depicted in Fig. 1 . Each user equipment has the arrival probability of l and the departure probability of μ, and they are scattered uniformly over the macrocell. Assume that the macrocell has an area of |Z|, then the probability density function of users is 1/|Z|. Other assumptions are made as follows: (i) the interference between each SBS is negligible because of the effective interference mitigation methods [19] [20] [21] ; (ii) both MBS and SBSs have the ability of detecting the number of users in their coverage; (iii) SBS operates in the open access mode, which means that SCUs in the coverage of SBS can access through it when it is switched on. We denote N max as the maximum number of SCUs in each small cell; and (iv) when a SBS is switched off, its SCUs will be reassociated to the MBS.
Dual-threshold sleep mode control protocol
In the proposed dual-threshold sleep mode control protocol, the sleep mode of SBS is controlled by two variables, the upper threshold v th and the lower threshold v tl . That is, the SBS will switch on if the detected number of SCUs reaches v th and switch off if the number is no more than v tl . We define a state space {(i, j):i = 0, …, N max ;j = 0, 1} for each small cell such that i denotes the number of SCUs in its coverage and j denotes its operation mode, that is, j = 0 stands for the sleep mode and j = 1 stands for the active mode. Based on this, we employ the Markov chain method to represent the evolution of the SCU number and operation mode, as shown in Fig. 2 .
The steady-state probability of each state should satisfy the following equations [22] 
where u i (i = 0, 1, …, v th − 1) is the ith steady-state probability in sleep mode, w i (i = v tl + 1, …, N max ) is the ith steady-state probability in active mode, probability matrix
By solving the above equations, we can obtain Π as a function of both v th and v tl . Then, the probabilities of the sleep mode π s , the active mode π a and the mode transition π sw can be written as
Also, the average number of SCUs in sleep mode and active mode, namely N s and N a , respectively, can be calculated as
Note that all the values, π s , π a , π sw , N s and N a , are also functions of both v th and v tl .
Network energy consumption model
The energy consumption of SBS k can be defined as [5] P s , sleep
where j represents the direct current to radio frequency conversion factor, N a k is the average number of SCUs that associate with SBS k when it is in the active mode, P o is the fixed circuit power consumption in active mode, P s is the constant power consumed in sleep mode which is usually less than P o and P max f is the maximum output power of the power amplifier.
We further assume that when a SBS is switched off, its SCUs will reassociate with the MBS. In this situation, the energy consumption for supporting these users at the MBS can be expressed as
where P max m is the RF output energy level of macrocell at the maximum load and N s k is the average number of SCUs when SBS k is in the sleep mode. Here, we omit the fixed energy consumption of the MBS since we assume that the MBS is always switching on to maintain its coverage.
Define the total energy consumption of each small cell, N sw k = l k p sw k Tincluding both sleep mode and active mode, as
Mode transition cost model
As we have discussed before, the mode transition of SBS would degrade the QoS of its users. Also, the mode transition would increase the operational cost of SBS, for example, extra energy is consumed to switch on/off the hardware. To model the accurate QoS degradation caused by mode transition is extremely difficult, but we can observe that the cost of mode transition largely depends on the mode transition probability. The number of mode transitions in the time period T can be calculated as , where p sw k is the mode transition probability of SBS k. Therefore we can model the average mode transition cost as
is the cost function. In the following analysis, we will take the average required energy consumption for switching on/off a SBS as an example of mode transition cost, which can be written as
where E sw is the switching energy consumption whenever there is a mode transition. Similar models have also been used in [14, 23] . Note that this is an example only to describe our analysis and the algorithms developed in the following section are also applicable for other models of mode transition cost.
Problems formulation
In our work, the motivation of using dual-thresholds to control the sleep mode of each SBS is to minimise both the network energy consumption and the mode transition cost. Since both objectives are functions of the thresholds (v th and v tl ), we will optimise these values to achieve our goal. We find that, the minimisation of the network energy consumption and the mode transition cost may not be achieved simultaneously. If we only consider to minimise the network energy consumption, the optimal values of v th and v tl may incur frequent mode transition. Therefore we focus on finding a tradeoff between these two goals and propose a multi-objective optimisation problem to model it.
Two different scenarios are introduced. They are the homogeneous threshold scenario and the heterogeneous threshold scenario. In the homogeneous threshold scenario, the thresholds of each SBS are the same. Whereas in the heterogeneous threshold scenario, different thresholds could be assigned to different SBSs according to their positions and the number of SCUs and so on. (12) subject to:KN a ≥ N T (13)
Here, N T is the minimum expected total number of SCUs admitted to small cells. This is the admission control condition for SBSs and we set this constraint to balance the traffic loads between SBSs and the MBS. j ≥ 0 is the parameter that balances the tradeoff between the network energy consumption and the mode transition cost. R min and R are the minimum data rate requirement and average data rate for SCUs in each SBS, respectively. R can be further expressed as
where E(·) represents the ergodic data rate over different channel realisations, P tr m and P tr s are the transmit power consumption of MBS and SBS, respectively, g s is the channel gain between SCU and MBS, g a is the channel gain between SCU and SBS, s 2 n is the noise density and B is the bandwidth of each user.
Heterogeneous threshold scenario:
Compared to the homogeneous threshold scenario, the thresholds of SBSs in the heterogeneous threshold scenario would be different. The reason to do this will be discussed later. In this scenario, denote v th k and v tl k as the upper threshold and lower threshold for SBS k, respectively. The network energy consumption and mode transition energy consumption in this scenario could be rewritten as 
subject to:
Here, R k is the average data rate for SCUs in SBS k expressed as
where g s k is the channel gain between SCU and the MBS in the kth small cell, and g a k is the channel gain between SCU and its SBS in the kth small cell.
Discussion on the different scenarios:
In what follows, we will discuss the two different scenarios. It is obviously that the optimisation for the homogeneous threshold scenario is much easier since there are only two variables, that is, v th and v tl . Also, the implementation of the homogeneous threshold is much simpler than the heterogeneous one. The optimal thresholds could be initially set to SBSs during deployment or the base station may calculate them and then broadcast to SBSs through control channels such as the X2 interface in LTE systems. However, since different SBSs have the same threshold to control the operation mode, the performance would not be the optimal. For example, to further decrease the energy consumption, SBSs located at the hot spots or the cell edge area should admit more users. Hence, smaller thresholds should be set to these SBSs. Motivated by this, the heterogeneous threshold scenario is introduced, in which the thresholds for different SBSs may be dynamically set according to their locations and the number of SCUs in their coverage. The heterogeneous threshold scenario can be implemented in a self-organising (SoN) way and the SoN technique has been proved as a promising method for small cells [24] . However, the implementation of the heterogeneous scenario is much more complicated. First, there are K pairs of thresholds to be optimised which would cause high computational complexity. If we try to obtain the optimal solution in a centralised way, [N max 
K possible situations should be considered, which is unacceptable. In this sense, distributed optimisation tools are preferred, which will be introduced in the following section. Secondly, since the optimal thresholds vary with the number of SCUs, the algorithms should be performed periodically or dynamically. The cost of estimating the number of SCUs in the coverage of SBSs should also be taken into account. Finally, the hardware cost of SBSs would increase since different SBSs have different settings of thresholds.
In a nutshell, the homogeneous threshold scenario is easier to implement but has a non-optimal performance, while the heterogeneous threshold scenario has better performance with a higher implementation cost. The network operators would face a tradeoff between the performance and implementation cost while choosing which scenario to use.
Algorithms to the optimisation problems
In this section, we will introduce the proposed optimal algorithm to the optimisation problem in the homogeneous threshold scenario, as well as two suboptimal algorithms to the problem in the heterogeneous threshold scenario. 
Exhaustive searching algorithm for the homogeneous threshold scenario
Although it is difficult to formulate P net in (12) in a closed form, we can still find the optimal solution to the problem in the homogeneous threshold scenario. Since there are only two discrete optimisation variables, we can use the exhaustive searching method to find the optimal thresholds. Moreover, since the thresholds should satisfy v th > v tl , we only need to search (N max ) 2 + N max /2 dual-threshold pairs. Therefore the computational complexity is acceptable.
The search space can be further narrowed according to the following analysis. We noted that the mode transition probability may only rely on the difference between the upper threshold and the lower threshold, that is, δ = v th − v tl . The mode transition probability will decrease with δ. It is reasonable since large δ makes the SBS difficult to change its mode while small δ makes the mode transition easy to happen. On the other hand, for a fixed δ, to decrease the total network energy consumption, it is better to decrease both the upper threshold and the lower threshold. The reason is that for lower thresholds, more users will be admitted to the small cell which will decrease the network energy consumption because of the short transmission distance. Based on the above analysis, we can simply set v tl = 0 to achieve a suboptimal solution. In this situation, we only need to search the N max candidates of v th . The simulation results in the next section will demonstrate our analysis and this suboptimal method will be used for the heterogeneous threshold scenario to reduce the computational complexity.
RL-based algorithm for the heterogeneous threshold scenario
The optimal algorithm for the heterogeneous threshold scenario requires exhaustively searching 2K variables, thus the computational complexity is extremely high. Even if we set the v tl k = 0, ∀k, as discussed in the homogeneous threshold scenario, it still requires to search K variables. Therefore, we develop two effective suboptimal approaches for the heterogeneous threshold scenario, that is, a RL-based algorithm and a heuristic algorithm.
RL basic:
RL systems are composed of the following [25] : † a set of states S; † a set of actions A; † a state transition function P: S × A S; and † a reward function C: S × A R.
The agent interacts with the environment in a series of time steps. On time step t, the agent perceives the environment to be in state s t , and selects an action a t . Then the environment makes a transition to a new state s t + 1 and pass back to the agent a reward r t + 1 . The objective of the agent is to seek the optimal policy, x * : S A, which minimises the expected discounted reward
where t is the discount factor, 0 ≤ t ≤ 1. For finite Markov decision processes, there always exists an optimal policy χ*. There are many algorithms to solve (22) , and a particular off-policy algorithm is Q-learning (QL). QL provides a way to find the optimal policy purely from experience, with no model of the environmental dynamics, which can be described as
Applying Bellman's criterion and some variable substitutions, the basic equation of QL is
where β(β ∈ [0, 1]) is the learning rate, and r is the reward of action a. Equation (24) can be described as: at time t, the agent detects the environment in state s t , then selects an optimal action. Under this action, system will pass back a reward r, and the agent then turns to the next state s'. The aim of the agent is to seek the optimal policy, which will eventually minimise the rewards.
The action selection is based on the Q-table, and one popular strategy is e-greedy search
By trying all the state-action pairs repeatedly, the agent learns which one is the best action among overall sequences. In multi-agent RL, the next state and the reward of each agent is jointly determined by the actions of all agents. The type of task considered by the learning algorithm leads to the corresponding classification of multi-agent RL, and a large number of algorithms have been designed.
RL-based dual-threshold algorithm
In the algorithm, each SBS is regarded as an agent that employs RL to learn the optimal policy. When operating RL for each agent, we must first determine three components, that is, state, action and reward. † State. Each SBS contains N max k 2 +N max k /2 dual-threshold pairs. For this multi-agent system, states of other SBSs should be considered together. So the state for agent-k at time t can be defined as
If we use (26) to analyse, each agent consists of
/2 states, which still has an unacceptable computational complexity. Hence we make some modification for this state. From the analysis above, we can set v tl * k = 0. The upper threshold is the only optimal value we need to search. Hence the state for agent-k at time t is modified as (28) † Reward. When agent-k receives the action a k t , there will be an immediate reward which reflects the value of action a k t . As our aim is to find the minimum overall energy consumption, we can define the instantaneous reward function for agent-k at time t as
The detailed procedures of the modified multi-agent RL-based algorithm are shown in Algorithm 1 (see Fig. 3 ).
Heuristic algorithm for the heterogeneous threshold scenario
From the objective function of the heterogeneous threshold scenario, we can obtain a heuristic solution consisting of the following steps. Firstly, each SBS individually finds its optimal upper threshold v th * k according to the average data rate requirement. Secondly, we can calculate the number of users admitted to each small cell. If the total number of admitted users is less than N T , then select the SBS whose average number of SCUs in the sleep mode is the largest and decrease the upper threshold of this SBS v th * k by one. Repeat this step until the admission control condition is satisfied, then we obtain the final results of v th * k . The detailed procedures are shown in Algorithm 2 (see Fig. 4 ).
Simulation results
In this section, we will present the simulation results for both homogeneous and heterogeneous threshold scenarios. The simulation parameters are listed in Table 1 unless otherwise stated. Table 2 shows the optimal dual-thresholds under different weight factors j, where j reflects the importance of mode transition cost. We see from the table that the optimal upper threshold increases with j. The reason is obvious due to the fact that the weight of the mode transition cost increases with j. We also find the same optimal lower threshold v tl* = 0 for different j, which verifies the analysis in Section 3.1.
Homogeneous threshold scenario
The tradeoff between the network energy consumption and the mode transition energy consumption is shown in Fig. 5 , where j is classified into eight sets and each set corresponds to an optimal dual-threshold pair. From this figure, the mode transition energy consumption decreases with j while the network energy consumption increases with j. Therefore we can observe a clear tradeoff between the network energy consumption and the mode transition energy consumption. This results provide a reference for network operators to select a practical weight factor for the design of small cell sleep mode control.
We plot the overall energy consumption as a function of δ = v th − v tl and v th in Fig. 6a , where j = 10. Each curve in Fig. 3 RL-based algorithm for the heterogeneous threshold scenario Fig. 4 Heuristic algorithm for the heterogeneous threshold scenario Fig. 6a corresponds to different δ from 1 to 12. We see that for each curve, the overall energy consumption increases with v th . Therefore the minimisation of the overall energy consumption could be always achieved when v th = δ or v tl = 0, which also demonstrates our analysis. The line in Fig. 6b links each minimum point under different δ and we find that v th* = 7 is the optimal upper threshold for this setting, that is, j = 10. This result is consistent with Table 2 .
In Fig. 7 , we illustrate the mode transition probability, π sw , for different δ. The mode transition probability decreases with δ since large δ could prevent the frequent mode transition of SBS. A similar phenomenon could be found in the hard handoff procedure of cellular systems. We also observe that the larger the N max , the lower the mode transition probability. Thus, we can effectively eliminate negative impacts of mode transition by increasing either the maximum allowed SCU number or the dual-threshold gap (δ) of each SBS.
Heterogeneous threshold scenario
In this subsection, we will show the performances of the RL-based algorithm and the heuristic algorithm for the heterogeneous threshold scenario. For the QL approach, further parameters are: learning rate β = 0.95, discount factor t = 0.1 and e = 0.1. Other parameters are the same as Table 1 . Fig. 8 shows the convergence of the RL-based algorithm, where nine SBSs exist in the macrocell and j = 50. We can see that the algorithm converges after about 500 iterations, which is much faster than the exhaustive searching algorithm. Assuming that each iteration needs 30 s in practical implementation, it can be derived that the convergence time is about 4.2 h. It means that in practical implementation, each SBS should first require 4.2 h to learn the optimal dual-thresholds. This time is acceptable for the implementation of SoN algorithms in LTE systems [26, 27] . The overall energy consumptions by using the RL-based algorithm, the heuristic algorithm and the exhaustive searching algorithm are compared in Fig. 9 . The exhaustive searching algorithm is the optimal solution, which finds the optimal thresholds by exhaustively searching all the possibilities. From the figure, the heuristic algorithm performs very closely to the optimal algorithm, and the gap between the RL-based algorithm and the heuristic algorithm is also very small. Thus, the guideline of selecting the best www.ietdl.org algorithm in practical applications could be expressed as follows. When the number of SBSs is large, the RL-based algorithm is the best choose because of its fast convergence speed; otherwise, we can select the heuristic algorithm for its better performance. Fig. 10 compares the overall energy consumption between homogeneous and heterogeneous threshold scenarios. The overall energy consumption in the homogeneous threshold scenario is larger than that in the heterogeneous threshold scenario and the gap between these two scenarios increases with N T . This result demonstrates the superiority of the heterogeneous threshold scenario. Also, the overall energy consumption increases with N T , which means more SCUs should be associated with SBSs when N T is large. Thus, SBSs should reduce their thresholds to cover those SCUs in this situation.
Conclusions
In this paper, we propose a dual-threshold-based sleep mode control strategy for small cell networks, where the SBS will switch on when the number of its SCUs reaches the upper threshold and will switch off when the number of its SCUs is less than the lower threshold. The motivation of dual-threshold is to make a tradeoff between the network energy consumption and the effect of frequent mode transition. The Markov chain method is utilised to analyse the performance of the proposed strategy. Based on this, optimisation problems are formulated to minimise the overall energy consumption for both homogeneous and heterogeneous threshold scenarios. To solve these problems, we propose an optimal algorithm for the homogeneous threshold scenario and two suboptimal algorithms for the heterogeneous threshold scenario, respectively. Simulation results demonstrate a tradeoff between the network energy consumption and the mode transition energy consumption in the considered system. Also, the suboptimal algorithms can achieve a near optimal performance with a low computational complexity. It is also demonstrated that a better performance could be achieved for the heterogeneous threshold scenario over the homogenous threshold scenario. 
